Although vulnerability is a relatively simple concept reflecting the degree of harm or adverse impacts on an individual, group or a system due to hazards, its implementation is rather complex due to underlying social, economic and physical dimensions of vulnerability along with coping capacity. This complex problem is addressed through a multi hazard vulnerability assessment model at a smallest human habitat i.e., village level in Himalayan state of Uttarakhand, India. The model can be effectively upscaled to higher administrative levels to present a multi-scalar view of the state of vulnerability in one of the worst disaster affected regions in India. It was tested for Bhilangana block of Uttarakhand state (India) set in multi-hazard prone North-west Himalaya. The analysis included elements of population, buildings and road infrastructure measured across dimensions of physical, social and economic conditions. A total of 32 factors were used to define vulnerability; data was normalized and aggregated to obtain a single index value for each village. Each component and overall comparative vulnerability were estimated using k-means clustering, where natural clusters of villages with similar vulnerability emerged as one class. Results show that remotely located villages like Pinswar, Gainwali, Banoli and Gangi exhibit highest vulnerability to multi-hazards. Least vulnerable villages are clustered around local business or tourist centres. The results highlight the spatial variation of vulnerability and its causative factors which are crucial for introducing appropriate policy measures to strengthen villages that are high on vulnerability parameters.
INTRODUCTION
Tectonic activities and frequent extreme climatic events make Himalayan habitats predisposed to natural hazards. Number of disaster events reported from the region in past decade have increased manifold (Uttarakhand disaster, 2013; Nepal earthquake, 2015) and their impact is not merely a linear consequence of hazard exposure, but derive significantly from the vulnerability of population, infrastructure and institutional systems. Alarmingly, the rate at which population and assets in the past decade have got exposed is much higher than the rate of decrease of vulnerability (Sendai framework 2015 (Sendai framework -2030 .
Given the significance of vulnerability in disaster risk reduction and estimation, a wide variety of vulnerability assessment studies have been reported; however, very limited research addresses holistic vulnerability (Fuchs, Birkmann, Glade 2012) . Additionally, micro-scale holistic assessments essential for designing risk reduction measures (van Westen et al., 2009 ) have nearly remained absent from the literature. Vulnerability assessments may be carried out either as a part of hazard risk assessments or independently. In quantitative risk assessments vulnerability is predominantly substituted by physical vulnerability . Independent vulnerability assessment, on the other hand focus largely on single aspect of vulnerability; most common being social vulnerability (see for example Cutter, Boruff, Shirley 2003; Wood, Burton, Cutter, 2010) . Physical vulnerability assessments tend to be hazard specific focussing on specific elements at risk like buildings and infrastructure (see Menoni et al., 2002; Papathoma-Köhle et al., 2012) . Researches pertaining to multi hazard vulnerability * Corresponding author assessment are largely limited to researches on coastal communities (see Hagenlocher et al., 2018; Sahoo, Bhaskaran, 2018; Wood, Good, 2004) . Comprehensive household level vulnerability assessments based on primary data collected by researchers using questionnaires or participatory techniques pertain only to population element and lack replicability (Herslund et al., 2016; Rajesh et al., 2018) . Present work addresses this gap in holistic vulnerability assessment at micro scale by analysing vulnerability along three dimensions: physical, social and economic and incorporating the coping capacity into the index.
The aim of the paper is to develop a multi-hazard vulnerability assessment model for the mountain habitat in Bhilangana block, that may be replicated in similar environments. It presents spatial variations in multi-hazard vulnerability at village-level employing index-based techniques which can be upscaled to higher levels as well. The model gives relative vulnerability of villages to earthquake, flash flood and landslide at micro-scale. An attempt is also made to produce an earthquake risk map by integrating hazard element with earthquake vulnerability map to demonstrate how the model may be further assimilated with hazard assessments to project risk.
STUDY AREA
The Bhilangana block is an administrative sub-division of Tehri district of Uttarakhand (India), located in Garhwal Himalaya. It has a geographical expanse of 11384 km² bound by 30°20′N to 30°52′N latitudes and 78°32′E to 79°2′E longitudes. The area is drained by Bhilangana and its tributary Bal Ganga. Upper part of the block falls in Higher Himalaya, whereas central and lower parts fall in Lesser Himalaya (Valdiya, 1988) with altitude ranging from 736 m to 6462 m above mean sea level. Intensified seasonal rainfall between June to September, presence of steep topography, the existing lithology and a location in earthquake zone 5 and 4 triggers recurrent disasters in the area manifested in the landslides and flash floods of 2001 , 2013 , 2014 and 2016 (DNA India 2014 India Today 2018) . The area experiencing frequent natural disasters, spanning from Lesser to Higher Himalaya, with varied relief and socio-economic activities, can thus be considered a representative of the Himalayan state of Uttarakhand. It was therefore chosen to assess multi-hazards vulnerability of mountainous habitat.
VULNERABILITY ASSESSMENT
The evolution of concept of vulnerability in disaster risk discourse has been traced to developmental paradigm that emerged in opposition to the engineering paradigm in early (Smith, 2003) . Ever since multiple definitions of vulnerability exist in the literature; however, no single has been universally agreed upon. It has been referred to as the "degree of loss" suffered by an element at risk in case of a hazard (Buckle et al., 2000) . It has also been expressed as a "characteristic / situation / condition possessed by an individual / group / system that makes it liable to harm from hazards (Blaikie et al., 1994; Cardona, 2003) . Roots of vulnerability have been traced to poverty, marginalization and socio-political power dynamics by several other scholars (like Blaikie et al., 1994; Chakraborty et al., 2005; Lewis, 1997) . In this work, vulnerability has been defined as an intrinsic characteristic representing external factors / processes / conditions / situations of an element at risk that determine the degree to which it will get affected by a specific type of hazard.
Frameworks of vulnerability
Vulnerability assessments remain a challenge due to multidimensional nature of vulnerability, including difficult to quantify dimensions like social vulnerability and coping capacity. So, over the time several vulnerability frameworks conceptualising and guiding vulnerability estimation have been proposed. One of the earliest of these, Bohle's model presented dual structure of vulnerability which envisages two dimensions of vulnerability, one external representing exposure and one internal reflecting coping capacity. UN/ISDR framework (2004) for disaster risk reduction considers vulnerability estimation as a key to risk assessment and classifies it into four dimensions, physical, environmental, economic and social. Pressure and release model, was also a theoretical model which highlights the processes and conditions leading to creation and progression of vulnerability (Blaikie et al., 1994) . Based on Bogardi, Birkmann, 2004 , Cardona, 1991 and others models, BBC model was postulated by Birkmann (2006) . The conceptual model identifies three important dimensions along which risk and vulnerability assessment should be carried out: social, economic and environmental.
Methods for estimating vulnerability
Methods chosen for vulnerability assessment are determined by scale of analysis, availability of data and the approach adopted for study. These methods can be grouped into three classes, vulnerability curve, vulnerability matrix and vulnerability indices. Curves are used for areas where detailed historical damage data is available while, matrices assigning values to different elements based on hazard intensity may be based on expert knowledge or previous disaster damage data (Papathoma-Kohle et al., 2017) . Vulnerability indices are calculated by integrating indicators representing various dimensions of vulnerability. Index based estimates indicate disaster risk but do not have direct relations with different hazard and intensities (van Westen et al., 2009) . The aggregation and weighing techniques adopted for integrating indicators determine the replicability and objectivity of the analysis (Barnett et al., 2008) .
Significant amount of work has been carried out using indices to estimate social vulnerability or population vulnerability. Multivariate statistics are often used to reduce large datasets in case of data driven inductive approaches. Principal components analysis explaining maximum variance in vulnerable dataset is one of the preferred techniques as demonstrated by Rajesh et al., 2018. However, in some studies where large number of indicators are used for final aggregation, multi collinearity test need to be carried out before actual analysis (Ahmadalipour, Moradkhani, 2018) . Weighing of indicators may be based on statistical techniques like PCA or expert opinion based techniques like analytical hierarchical process (AHP) or delhpi method (Rahman et al., 2015; Yang et al., 2018) . For example, three different types of weighing techniques: simple averaging, random weighted averaging and component averaging were used in estimation of drought vulnerability index for Africa (Ahmadalipour, Moradkhani, 2018) . Simple averaging involves allocating equal weights to all indicators in an unbiased manner, which has been opted by many for vulnerability assessment (Hagenlocher et al., 2018) . After appropriate weighing, a simple averaging of indicators at each level is usually adopted for aggregation into a composite index (see Hardy 2017).
METHODOLOGY AND DATA ANALYSIS
Present work adopts a quantitative indicator-based approach for comparative vulnerability assessment at village level which is significantly improved over proposed methodology that hypothesised under BBC framework (Birkmann, 2006) . The indicator-based technique is best suited for conducting assessments at micro-level, as it allows quantification of all dimensions of vulnerability, satisfying the holistic approach that constitutes the core of this research. Estimated at lowest administrative level, the model may be upscaled to higher levels of block, district and state depending on the requirements.
Micro level assessment of vulnerability was carried out by selecting revenue village (smallest administrative unit) as the basic unit of study. Village level map was digitized using Survey of India village boundary map for the block. A database for each indicator was prepared using data obtained from Census of India, 2011 and National Informatics Centre (NIC) website (for district Tehri) in ArcGIS. SPSS was used for correlation and PCA. Different aspects of each dimension were outlined (based on existing literature) and indicators for each were selected based on available datasets as shown in table 1,2,3 and 4. A total of 32 indicators were used in the study. Data for all the indicators was collected from Census of India 2011, except for information on BPL and disabled population which was collected from NIC, Tehri.
Integration of indicators
The collection of data on different scales renders it incomparable; therefore, before integration it was normalized to make it scalefree and comparable. Rescaling method was used in the present study which standardizes each indicator dataset between a range of 0 to 1. Indicated data was checked for missing values. The uninhabited villages were removed from the analysis. Missing values for data on below poverty line were replaced by the average value for all villages. No weighing was adopted to avoid subjectivity introduced by different weighing techniques. A similar approach has been adopted by Sahoo, Bhaskaran (2018) for pre-processing of indicators for aggregation into a social and economic vulnerability index. Before proceeding with index estimation, a correlation analysis was conducted for all the indicators. Majority of indicators showed low correlation with few exhibiting moderate correlation which signifies that no two variables measure the same aspect and hence none of the selected indicators was removed from the analysis. After normalization the data was transformed such that the higher values of an indicator indicated higher vulnerability or coping capacity. Indicators whose lower values implied high vulnerability and vice-versa was subjected to inverse transformation. At each step of integration, the composite value of all indicators was divided by number of indicators to normalize the varying number of indicators in each dimension. Multi-hazard vulnerability for a unit was estimated by integrating hazard specific vulnerability (equation (1)) using equation (2).
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where, Vi refers to overall hazard specific vulnerability, VPi is hazard specific physical vulnerability, VS is social vulnerability, VE is economic vulnerability, C is coping capacity and VMH is multi-hazard vulnerability.
Rules for selecting hazard specific vulnerable building material
Building material vulnerability varies according to the type of hazard. Census of India classifies housing based on an array of building materials and groups the households in village by percentage households residing in each category. For this study a class of building materials was designated either as vulnerable or non-vulnerable for each hazard type, based on existing literature ( Table 5 ). Most of the casualties in earthquakes are associated with collapse of roof; consequently, heavy roof materials which increase the probability of death of resident population were designated vulnerable, while lighter ones were classified as nonvulnerable (see Arya, 2000; Kapur, 2010 in reference to Latur and Osamanabad earthquake). Construction material having high ductility shows low damage ratio for earthquakes; therefore wood, steel and reinforced concrete are less vulnerable to earthquakes while brittle materials like masonry exhibit high damage ratio. (Murthy, 2005; van Westen et al., 2009) . Ceramic tiles flooring, mud walls or any light materials are highly vulnerable to flash floods owing to the higher velocity and sediment load (FEMA, 2008) . While clay and concrete tiles act as flood resistant flooring (FEMA, 2008) . Concrete walls are resistant to flood and landslides (Godfrey et al., 2015) . Analysis of final composite index data obtained at village level was carried out by employing grouping analysis. Specifically, clustering technique was used which involves identifying natural groups or clusters in a set of data based on some measure of similarity among the datasets (Saxena et al., 2017) . Clustering without any spatial constraints was conducted to obtain 5 clusters which were later characterised as 5 classes of vulnerability. This form of clustering utilizes 'k-means' clustering to group the data based on its proximity in data space.
Material

RESULTS
One of the significant results of the analysis is a village level multi-hazard vulnerability for Bhilangana block (Figure 4 ) which highlights villages with high multi-hazard. Villages with high vulnerability (clusters of very high and high) are distributed more in western part of the block drained by Balganga river. Significant number of highly vulnerable villages lie along the extremities of valley (for example, Gangi, Reechak, Pinswar,Urani, Gainwali, Jakhana, Ghanaur, Banoli and others). (Figure 4) and indicators in the overall multihazard vulnerability of a village can be presented using a pie chart, which can help in identifying the particular factors which contribute to high vulnerability of village and may be subsequently used by local authorities for framing plans and policies. An additional output, Figure 5 shows how comparative vulnerability assessment along with hazard information may be utilized to generate comparative risk assessment maps. The map presents earthquake risk generated by integrating the seismic zonation map of India by Bureau of Indian Standards along with earthquake specific comparative vulnerability assessment map.
A principal component analysis was also carried out to explain indicators that contributed maximum to spatial variation in vulnerability, which may be useful at the block level. PCA identified 11 principal components based on eigen value greater than 1, which explained a total of 62.85 % variation in the data. Out of these only the components explaining more than 5% variance in the dataset were chosen further. Maximum variance in vulnerability could be explained on the basis of first component identified as housing construction materials and ownership which accounted for 15.5% variation in the data. Second component identified as vulnerable groups and access to support accounted for 7.2% variation in the data. Third component identified as dependency and exposure accounted for 7% variation in the data. Access to education, the fourth component also has a decisive role in distribution of vulnerability across the villages, accounting for 5.4% variation in the indicators. 
CONCLUSIONS
Results indicate that multi-hazards vulnerability and its component dimensions show significant variation in space, which originates from the variation in indicators used for estimation of dimensions. The vulnerability and risk maps can also be effectively aggregated to successive higher levels and integrated with detailed hazard analysis for future use. The results can be used to formulate the design of risk reduction measures at lowest administrative level by analysing the highly vulnerable villages for indicators that contribute significantly to the high values. Results also suggest that comparative vulnerability assessment model and comparative risk assessment model can be developed at the micro-level for areas with limited data and accessibility. Keeping in view the dynamic nature of vulnerability, the results may be produced periodically based on the new Census data released and also help in identifying the change or progressive and regressive areas at micro-level
